A deeper understanding of building performance is essential to reduce their energy consumption and corresponding greenhouse gas emissions. Heating degree-days (HDD) encapsulates the severity and duration of cold weather, which is routinely used for weather related analysis of fuel consumption, performance benchmarking, and compliance. The accuracy of HDD-based prediction largely depends on the correct base temperature, which varies depending on building thermal characteristics, and their operation and occupancy. We analysed four years ' (2012-2016) half-hourly metered gas consumption from 119 non-domestic buildings representing seven types, to: (a) identify their base temperature using a three-parameter change point (3pH) regression model, and (b) their relationships with intrinsic building parameters. The highest mean base temperature, 17.7
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A deeper understanding of building performance is essential to reduce their energy consumption and corresponding greenhouse gas emissions. Heating degree-days (HDD) encapsulates the severity and duration of cold weather, which is routinely used for weather related analysis of fuel consumption, performance benchmarking, and compliance. The accuracy of HDD-based prediction largely depends on the correct base temperature, which varies depending on building thermal characteristics, and their operation and occupancy. We analysed four years' (2012-2016) half-hourly metered gas consumption from 119 non-domestic buildings representing seven types, to: (a) identify their base temperature using a three-parameter change point (3pH) regression model, and (b) their relationships with intrinsic building parameters. The highest mean base temperature, 17.7
• C was found for clubs and community centres, and the lowest, 12.8
• C was for storage buildings. The average of all base temperatures is 16.7
• C, which is 1.2
• C higher and 1.6
• C lower than the British (15.5
• C) and American (18.3 • C) standards respectively. The current practice of a fixed base temperature degree-days for all buildings has been found to be unrealistic. Building type specific base temperatures must be developed, agreed upon and published for increasing accuracy in energy analytics and legislative compliance, as well as for developing effective standards and policies.
© 2017 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Introduction
Globally, buildings account for over 33% of all energy use and greenhouse gas (GHG) emissions, and 50% of all electricity consumption [1] . Given the improvements in living standards and rapid economic development in developing countries, as well as projected increases in global population, energy use and associated GHG emissions from buildings are estimated to rise significantly [2] . Increasingly stringent legislations and tighter building regulations in recent years have resulted in improved energy and environmental performance of buildings. Energy conservation goals are now pursued aggressively during design stages, with increased focus on maintaining the designed performance over the life of the building [3] .
In the UK, buildings account for 34% of total GHG emissions. Non-domestic buildings represent 36% of all direct and indirect emissions from buildings, and 12% of total UK emissions [4] . Nondomestic buildings are thus an ideal candidate for a significant reduction in energy use and corresponding emissions. The largest energy uses in UK non-domestic buildings include space and water heating, accounting for 46% of total energy use [5] . Natural gas is used to generate about 60% of non-domestic heat in the UK [6] , the use of which is highly correlated with weather conditions. The analysis of natural gas consumption for heating in buildings against the weather is, therefore, crucial [7] for energy-efficient design, operation, and refurbishment.
Heating degree-day (HDD) is a versatile climatic indicator that encapsulates the severity and duration of cold weather in one index [8] , enabling weather related analysis of the consumption of fuel such as natural gas [9] and coal [10] . The versatility of HDD is due to its simplicity in reducing the dimensions required to characterise a given weather. HDDs are essentially the summation of temperature differences between the ambient air temperature and a reference or base temperature. The base or balance point temperature is the ambient air temperature below which a building requires heating to maintain desirable indoor environmental conditions. During a steady-state period, the heating load of a building is proportional to the HDD of that period [9] . HDD-based energy calculations are simpler than dynamic thermal simulations or hourly calculation methods but they are particularly effective in energy management. Their widespread use is due to their simplicity in capturing weather 
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characteristics reasonably well, and the reduced resource requirements for preparing and collecting inputs, and computation [11] . HDDs are routinely used in benchmarking and compliance checking as part of legislative requirements. Degree-day based methods 2 are used to estimate building energy consumption, and to determine energy performance rating for certification to comply with the overarching European legislation, Energy Performance of Buildings Directive (EPBD) [12] . Besides, base temperatures can also be used for setting a suitable controller set-point [13] . The accuracy of HDD-based calculations depends on the identification and selection of an appropriate base temperature. Apart from local climatic conditions, a building's usage type and pattern, and thermal characteristics influence the base temperature [8] and corresponding energy consumption. On the other hand, the thermal response of the building is a factor of heating regime 3 and thermal properties of the construction [14] , which are often similar for building types and construction periods. Base temperatures of all buildings are not constant, even in a climatically homogenous location. Appropriate base temperatures help derive a realistic representation of building energy consumption and efficiency, while an inappropriate one can lead to misleading results [15] . The official publications of degree-days are often based on a single base temperature-15.5 • C in the UK [9] and 18.3 • C USA [16] by the Chartered Institution of Building Services Engineers (CIBSE) and American Society of Heating, Refrigerating, and Air-Conditioning Engineers (ASHRAE) respectively. Previous studies acknowledged the need for variable base temperatures [17] and some have published degree-days data for various locations [18] , yet studies on how degree-days base temperatures vary depending on building type are scarce.
Base temperatures are generally determined either by applying the energy signature method or the performance line method [19] -the former requires greater sampling frequency (e.g. daily) than the latter (e.g. monthly). Previous works have used both approaches [18, 20] , as well as made improvements over classical methods [21, 22] . The use of energy signature method is growing because of the increased availability of detailed utility bills, historical weather, and high-resolution smart meter data. Most previous studies used simulated data, and a few have used monitored data. Moreover, case buildings often lacked diversity. Therefore, generalisation of findings and conclusions were not robust.
Considering the discussed gap in the literature and their importance in HDD-based energy calculation and analytics, the base temperatures of 119 UK non-domestic buildings of seven different types were determined in this research, by employing a three-parameter heating (3pH) change point model on half-hourly four-year (2012-2016) metered gas consumption data. Second, the variance of base temperatures, as well as their base and mean gas consumptions were identified and critiqued. This work is one of the most comprehensive studies to date on the estimation of base temperatures of non-domestic buildings-not only because of the use of multi-year sub-hourly consumption data but also because of the diversity and coverage of buildings types.
The rest of the paper is organised as follows. Section 2 provides theoretical discussions on the energy signature method and adopted methodology, as well as data sources and pre-processing of weather and gas consumption data. Results are discussed in Section 3, followed by conclusions and directions for future research.
Theory and related work
Energy signature model
Change-point (CP) model [23] is an energy signature method for analysing historical energy use data. CP detects when the probability distribution of a time series changes; i.e. identifies the sudden change of the regression slope (ˇ2) at a given point P, as illustrated in Fig. 1 . The benefits of CP-based energy analytics arise from the ability to detect both the weather and non-weather dependent (i.e. baseline or base load) energy use. CP methods are also comparatively effective in predicting energy demand. In a recent study, Zhang et al. [24] compared four different approaches: changepoint (CP), Gaussian process regression (GPR), Gaussian Mixture Regression (GMR) and Artificial Neural Network (ANN) models for predicting building HVAC and hot water energy consumptions. GMR had slightly better statistical performance, compared to the other three. However, all differences were small. Because of its simplicity, the change-point (CP) model is the most effective in terms of accuracy vs. effort spent for predicting energy consumption in buildings. CP model is, therefore, used in this paper to investigate the relationship between building energy consumption and ambient air temperature.
The best-fit change-point model, described in the American Society of Heating, Refrigerating, and Air-conditioning Engineers (ASHRAE) Inverse Modeling Toolkit (IMT) [25] is adopted in this research to derive regression models of building energy use. The functional forms for best-fit three-parameter change-point models for heating (3pH), is given in Eq. (1).
where, Y h is energy use (here, gas consumption in kWh), X 1 is ambient dry-bulb temperature ( • C), ˇ1 is baseline energy consumption or base load, and ˇ3 is base temperature ( • C). The ( + ) notation indicates that values of the parenthetic term shall be set to zero when it is negative. The 3pH model, shown in Fig. 1 , is appropriate for modelling building energy use that varies linearly with an independent variable over part of its range and remains constant over the remainder. For example, space-heating consumption in a building increases as ambient air temperature decreases below a certain balance-point temperature, which is defined as the base temperature of the building. When ambient air temperature is above the base temperature, no energy use is required for thermal comfort related space heating. However, energy use may also be needed for hot water and cooking. This energy use is often defined as base load or baseline energy consumption of the building.
Annual heating degree-days (HDD)
Different approaches are taken to calculate heating degree-days depending on the availability of ambient air temperature data [9] . Due to the availability of hourly ambient air dry-bulb temperature, the hourly method in [8] was used to calculate annual HDD. The difference between the base and hourly dry-bulb temperatures are summed up to estimate degree-hours in a specified period. The cumulative degree-hours of a day is divided by the number of hours in a day (=24) to get the daily degree-days, HDD d , as shown in Eq. (2) .
where, T b and T i are base and ambient air temperatures ( • C) at the i-th hour of the day respectively. The plus symbol ( + ) has the same meaning as in Eq. (1). Annual degree-days, HDD a , is calculated by summing up daily, HDD d over a year, as shown in Eq. (3).
where, HDD d,j is daily HDD of the j-th day of the year and N is number of days in a year; i.e. 366 in a leap year, and 365 in others.
Data and methodology
3.1. Data collection and pre-processing 3.1.1. Buildings and gas consumption Data for this research are obtained from the City of Cardiff Council, 4 who monitor gas and electricity consumption of 330 non-domestic buildings and facilities they own and manage, as part of their sustainable development strategy. The 330 monitored buildings cover a wide range of building types: primary schools (n = 95), community facilities (n = 54), care facilities (n = 39), city services (n = 37), parks buildings (n = 33), high schools (n = 24), leisure & sports buildings (n = 17), workshops & depots (n = 12), offices (n = 11), and key & cultural buildings (n = 8). Energy consumption is measured every half hour and sent to the central server via the Internet. Part of this data is also publicly available in Carbon Culture, 5 a community platform for promoting the efficient use of resources.
Of the 330 monitored non-domestic buildings, not all buildings reported gas consumption. In addition, the monitoring did not start and end at the same date for all buildings. To maintain consistency, buildings with significant missing data at the beginning and at the end of the analysis period are removed from the dataset. At this stage, 171 buildings are selected for further processing and analysis. The selected gas consumption data covers four whole years, between 1 April 2012 and 31 March 2016. Data pre-processing is conducted in five stages, the flow chart of which is given in Fig. 2a . The steps are illustrated and explained with an example in and Fig. 2b , and described as follows.
First, half-hourly data are aggregated to produce the hourly dataset.
Second, the hourly dataset is visualised with scaled colours and analysed descriptively to identify patterns of energy consumption. Buildings and facilities without seasonal and diurnal variations are excluded as their gas consumption is not entirely dependent on heating energy requirement. An example of visual inspection and subsequent exclusion of a building is shown in Fig. 2b ( Step 2) in which gas consumption of one primary school and a crematorium are analysed. Gas consumption in the crematorium is fairly constant throughout the year, compared to the primary school, which has distinct seasonal and weekday vs. weekend trends, and visual correlates with the variations in temperature in Fig. 4 . Higher gas consumption in the primary school is for the heating season, from late October to early April, between 08:00 and 17:00 h. Peak heating consumption occurs at around 08:00 h, which coincides with the pre-heating of the building at the start of the day. Lower heating consumption occurs before 07:00 h and after 15:00 h. There is almost no gas consumption during the unoccupied periods, including weekend and holidays. Buildings without a seasonal trend; e.g. care facilities, are excluded from the dataset. After this step, 119 buildings are retained for further processing. The distribution of the selected buildings according to typology and their locations are illustrated in Fig. 3a and b respectively.
Third, records corresponding to weekends, and public and school holidays are removed from the dataset to produce the workday hourly occupied-period dataset. Occupied days are 970 and 1032 days for school and other building types respectively, out of a total 1461 days in the original data.
Fourth, the workday hourly occupied-period dataset is filtered further to remove out-of-hours data as heating energy consumption in non-domestic buildings are significantly associated with occupancy hours in a day. Occupancy schedules, including preheating times are used to filter out non-occupied hours. Occupied hours for most buildings were 08:00-18:00 h, except some leisure centres, for which the occupied hours were 10:00-22:00 h.
Fifth, the workday hourly occupied-hours dataset is aggregated to produce the workday daily occupied-hours dataset. Outlier detection and missing value analysis were conducted to produce the final dataset. Descriptive statistics of the final dataset, in terms of building type, and count, mean and standard deviation (SD) of floor area are given in Table 1 .
Weather
There are three nearby meteorological stations for Cardiff: Bute Park (WMO: 037170), Rhoose (WMO: 037150) and St Athan (WMO: 037160). Average distance of all 119 selected buildings from the three weather stations are 3.83 km (Bute Park), 15.82 km (Rhoose), and 20.17 km (St Athan). Bute Park is an urban weather station, located at the heart of Cardiff city. Rhoose and St Athan are located in nearby airports, and are far from the city. Their surrounding landscape, built-up area, and exposure are different from that of the investigated buildings. Therefore, Bute Park's weather data, 6 sourced from the Centre for the Environmental Data Analysis (CEDA), 7 are utilised in this research. CEDA's Web Processing Service (WPS) combines data from several sources, often resulting in duplicates and missing data fields. Pre-processing for duplicates and missing observations were conducted on the downloaded data. There were six missing values for dry-bulb temperature, which were interpolated from the neighbouring time-steps. Since daily gas consumption is used in the 3pH model for base temperature estimation, daily mean temperature during workdays, T d , is calculated using Equation (8) and used in the analysis. Previous research [8] indicated strong relationship between mean temperature of a location and degree-days, demonstrating the reliability of the indicator in energy analytics.
where, h b is the hour of day when pre-heating or work begins depending on building type, and h e is the hour when workday ends. T i represents ambient air temperature at the i-th hour of the day.
Model development and evaluation
3.2.1. pH regression model A fast-explicit solution for determining the coefficients a threeparameter cooling (3PC) model proposed by Paulus [26] was adopted and modified in this research for estimating the coefficients of the three-parameter heating (3pH) model. The regression process is illustrated using the gas consumption data of a primary school in Fig. 5 . 3pH model is accomplished in two steps. First, a regression is conducted to obtain the initial base temperature and base load. Gas consumptions more or less than half the values predicted by the initial regression model are considered to be outliers and are, therefore, excluded for the next step. Further, distances greater than 1 (standard deviation) from the mean are also considered as outliers. 8 Next, the second regression is then applied to obtain the final base temperature and base load. 
Model evaluation
Three statistical indices: coefficient of determination; i.e. Rsquared (R 2 ), coefficient of variation of root mean square error (CV-RMSE) and normalised mean bias error (NMBE), are used to evaluate the 3pH model performance of goodness-of-fit of the predicted values against the measured values, and to describe the statistical characteristics of the model. The three indices are calculated using Eqs. (4)- (7), as per ASHRAE Guideline 14 [27] . where, Y i is the i-th measured heating energy use (kWh),Ŷ i is the corresponding i-th heating energy use predicted by the model (kWh), n is total number of data points, andȲ is the mean of the measured heating energy use over the analysis period (kWh). The greater the R 2 , and the smaller the CV-RMSE and NMBE, the closer the predicted values are to the actual values. Generally, R 2 > 0.7 is considered acceptable, indicating confidence in the relationship. ASHRAE [27] provides recommended values of CV-RMSE and NMBE for evaluating monthly and hourly baseline models, from which the required values for the daily 3pH model are interpolated, as listed in Table 2 .
Fig. 6. 3pH regression statistical indices for all 119 buildings. (a) R-squared (R 2 ). (b) Coefficient of variation of root mean square error (CV-RMSE). (c) Normalised mean bias error (NMBE).
Results and discussion
Model accuracy
Statistical indices from all change-point regression runs are illustrated in Fig. 6 . Further details such as maximum, minimum, mean, and standard deviation of all three indices are given in Table 3 . R 2 index (Fig. 6a) varies between 0.8 and 0.975. Mean R 2 is 0.9, which can be considered very good given the multi-year data of many building types. Lower R 2 is found for clubs and community centres. The intermittent nature of their use may explain the relatively lower goodness of fit, compared to the rest of the building types. Greater use of natural gas for hot water may also be responsible for their intermittent gas consumption. CV-RMSE (Fig. 6b) varies between 10.2% and 30.6%. Mean CV-RMSE is 21.3%, which is less than the upper limit of 22.5% as per ASHRAE Guideline 14 [27] . The lower standard deviations (SD) of CV-RMSE are found to be 2% and 2.2% for secondary and primary schools respectively. The highest SD of CV-RMSE of 9.3% is found for storage buildings, indicating the differences in their operation. Both school building types, primary and secondary, are the two largest sub-samples, which may also explain the lower SD. NMBE (Fig. 6c) for all buildings are low and very close to zero, except for two primary schools which has a negative bias. All three statistical indices satisfied the requirements given in Table 2 , with the conclusion that the models are reliable.
Base temperature
Estimated HDD base temperature, T b for all 119 buildings are given in Fig. 7 and further statistics are provided in Table 4 . Base temperatures range from 11.6 • C to 20. prevalent in care and community centres; and museums, art galleries and libraries. Their atypical operating patterns and special requirements for a narrow temperature range for human thermal comfort may be the reason for the higher base temperature. Age of the building can be another factor for higher base temperature, as it can be seen for four primary schools having T b greater than 1 from the mean, as illustrated in Fig. 7b . A comparison of mean T b and corresponding standard errors for building type are shown in Fig. 7b . Despite the climatically similar conditions the buildings were exposed to, each building type had a different base temperature. Clubs and community centres (CC), and museums, art galleries and libraries (MA) has the highest mean T b at 17.7 • C and 17.2 • C respectively. Higher average base temperatures are found for buildings that are classed as category I building in comfort standards such as ISO EN 15251 [28] . They are characterized with a high level of expectation of thermal comfort. Relatively greater standard errors are found for offices (FS), health (HL) and museums, art galleries and libraries (MA).
Each building, because of its type (i.e. purpose), location, and construction, is unique. Their construction year, variations in energy use and operational behaviour, as well as the heating, ventilation, and air-conditioning (HVAC) system types and characteristics are likely to have an impact on the base temperature. Attention should, therefore, be given on the intrinsic building characteristics while making use of base temperature in building energy applications. Researchers have also argued that the observed anomalies of T b can be indicative of specific building faults [29] . Fig. 8 illustrates the relationship between base temperature and physical characteristics such as total treated floor area and the number of occupants. The floor area ranges from 182 m 2 to 25,087 m 2 while the mean and SD are 3088 m 2 and 3700 m 2 respectively. The distribution of total floor area is given in Fig. 8a , which shows there are more small and medium sized buildings than the very large ones-typical of UK non-domestic building stock. Estimates suggest that small premises are far more common in terms of frequency; 92 per cent of non-domestic premises in the UK are smaller than 1000 m 2 [30] . Only one building in our dataset has a Their findings suggest that mean energy intensity; i.e. energy consumption per unit floor area are higher for both the small and large buildings. The lowest annual energy intensity (<100 kWh/m 2 ) has been found for buildings with a floor area between 1000 and 2499 m 2 [30] . Probability of factors other than floor area having an impact on T b and energy intensity is, therefore, high.
Relationship between base temperature and physical characteristics
The frequency distribution of occupants is shown in Fig. 8c . Most buildings have around 200-400 occupants but some premises have many occupants. The relationship between floor area and occupants is not always straightforward. Some buildings, especially educational facilities such as primary and secondary schools often have a high density of occupants [30] . In keeping with the relationship between T b and floor area there is not a discernible relationship between T b and occupants.
Limitations
Our investigation of base temperature in non-domestic buildings included a wide range of buildings in terms of type, size, and number of occupants. Sub-hourly metered data for four full years enabled the consideration of year to year weather variations. Conclusions drawn from the research are, therefore, representative, especially for buildings with large sample size. The limitation of this research is that the sample sizes for health; offices; and museums, art galleries and libraries are smaller than we hoped for. Each of these building types have distinct sub-types with variations in building size, construction, and operating patterns; i.e. time of use and comfort requirements. Their standard errors are also relatively greater than other building types. Contextual interpretation of results for these buildings is, therefore, recommended.
Implications for building energy management and design
The main findings of this research are twofold. First, the average base or balance point temperature for all case study buildings in this research is 1.2 • C higher than the UK standard of 15.5 • C and 1.6 • C lower than the American standard of 18.3 • C. The widespread use of heating degree-days based on T b = 15.5 • C for energy performance rating, calculations and monitoring will, therefore, underestimate heating energy demand and consumption in UK non-domestic buildings. Second, significant variations in base temperature exist between building types, ranging from the minimum of 11.6 • C for a storage building to the maximum of 20.5 • C for an office building. While previous research indicated that such variations are likely to exist [29] but the scale of the variation was not known prior to this research. Considering both findings, it is imperative that national calculation methodologies are updated to account for the variations in balance point temperature so that the energy performance is measured and monitored more accurately. The selection of an appropriate base temperature according to building types can also help in reducing the gap between predicted and measured energy performance of buildings, as discussed in the review by de Wilde [31] . Building characteristics, on the other hand, are subject to change.
Thermal performance of buildings is improving because of progressively stringent building regulations. The improvement is likely to influence base temperatures in new and retrofitted buildings alike. Innovation in tools and techniques for continuous monitoring and benchmarking of energy performance of buildings are, therefore, essential. In addition, the objectives for monitoring and underlying techniques for comparison should be consistent with the evaluation and simulation methods used during design so that the design strategies can be reliably validated, lessons are learned, if any, and corrective measures are adopted. An appropriately selected base temperature can ensure that predicted and actual performance benchmarking have the same criteria.
Directions of future work
While statistical regression method can successfully extract reasonably accurate relationships between investigated parameters, future work can focus on increasing the estimation accuracy. Because of the existence of change point relationships in the data, conditional quantile functions may also work well. One advantage of quantile regression is that the method's estimates are more robust than the ordinary least squares regression, especially when outliers in the response measurements are considered. The other direction of future work relates to weather variables. The consideration of solar radiation, with or without base temperature can offer insights into building energy consumption. The third direction relates to how energy consumption data are filtered. For single building energy use data, the filtering method can over-filter (filtering out valuable data) or under-filter (reserving outlier data).
More reliable filter method can be developed to tackle this issue. On the other hand, standardising variable base temperatures for the whole of a country (e.g. UK) will require further characterisation by increasing the geographical spread and number of buildings in the sample. From an application 9 perspective, further research needs to be carried out to investigate the reasons for the community's reluctance to adopt variable base temperatures.
Conclusion
Differences in intrinsic thermal characteristics, space usage, occupancy pattern, operational schedule and performance of installed equipment, and miscellaneous loads can significantly impact energy performance of buildings-with corresponding effects on their base temperature. This research conducted one of the most comprehensive investigations of base temperatures by using four years sub-hourly data from 119 UK non-domestic buildings covering a wider range of building type, size, and number of occupants.
There are two headline contributions from this work, with significant implications for the energy-efficient design and operation of buildings. First, the average base temperature of all investigated buildings found to be 1.2 • C higher than the widely adopted base temperature of 15.5 • C in the UK. The existing use of the lower base temperature in building energy calculations, benchmarking, and certifications results in underestimation of energy demand and consumption, giving an inaccurate picture of energy performance. Second, base temperatures vary from one building to another, and from one building type to another. The variations in base temperature between building types in this research ranged from 11.6 • C for a storage building to 20.5 • C for an office building. Health and clubs and community buildings have higher base temperatures because of their specialised use and possibly higher and intermittent demand for hot water. These specialised buildings also require the maintenance of a narrow range of thermal comfort and operate for longer hours.
Building regulations and policies would be less effective if they are based on the inaccurate assumption about the base temperature, which is an intrinsic thermal property of a building. The current practice of a fixed base temperature degree-days for all buildings has been found to be unrealistic in this research, even within a smaller geography of Cardiff city. It is imperative that building type specific base temperatures are developed, agreed upon and published for increasing accuracy in energy analytics and legislative compliance, as well as for developing effective standards and policies. 9 The application of degree-days has not changed much since its origin in the United States with the American Gas Association in the 1920s where 18.3
• C was adopted as the base temperature because of the empirical relationship between fuel consumption in dwellings and the degree-days to a base temperature of 65
• F (18.3
• C). The use of 60 • F (15.5
• C) as the base temperature in the UK has similar roots to the USA as was suggested by Dufton in 1934, despite calls to adopt building specific base temperatures in the recent years [9] .
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